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ABSTRACT

This paper presents an interactive transfer function desigl
based on ellipsoidal Gaussian transfer functions (ETFs)c dp-
proach explores volumetric features in the statisticatspmy mod-

eling the space using the Gaussian mixture model (GMM) with a

small number of Gaussians to maximize the likelihood of feat
separation. Instant visual feedback is possible by mapthiage
Gaussians to ETFs and analytically integrating these EmfRkd
context of the pre-integrated volume rendering process.uife s
of intuitive control widgets is designed to offer automatansfer
function generation and flexible manipulations, allowingiaex-
perienced user to easily explore undiscovered featurdsssiteral
simple interactions. Our GPU implementation demonstriaties-
active performance and plausible scalability which coragavor-
ably with existing solutions. The effectiveness of our aigmh has
been verified on several datasets.

Index Terms: 1.3.7 [Computing Methodologies]:
Graphics—Three-Dimensional Graphics and Realism

Computer

1 INTRODUCTION

Volume exploration focuses on revealing hidden structireslu-
metric datasets. Effective exploration is a challengingbjgm be-
cause there is no prior information available with regarthtodata
distribution. This difficulty is magnified by the fact thatmaring
and manipulating in the 3D space is typically counterimnteieind
laborious. Transfer function design is a user-controdigiocess
that structures the statistical space (i.e., the histogyand maps
the selected data properties to specific colors and opacif@bet-
ter disambiguate the various materials and structuresrdarof
multi-dimensional transfer functions have been propodadbar-
ticular, the 2D transfer functions [9] based on scalar &k gra-
dient magnitudes are very effective in extracting multiplaterials
and their boundaries. The specification of 2D transfer fonstcan
be performed by means of various classification widgets. évew
the selection of features within the multi-dimensionahsfer func-
tion is a time-consuming and trial-and-error process, aigliery
likely to yield unsatisfactory results. The gap between ftagi-
bility of multi-dimensional transfer function design argetfidelity
requirement of the volume exploration makes the transfectfan
design challenging. This can be witnessed by the huge anafunt
efforts being devoted to the development of intuitive tfanfunc-
tion schemes.
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We have identified three reasons for this. First, the segrabes
for finding transfer functions is very large in high-dimemsil fea-

ture spaces. The user is often required to spend a great fleal o

time exploring to understand the underlying features arit 8pa-
tial relationships within the data set. Second, traditiatassifi-
cation widgets are not easily used to represent certainresato-
cated within multi-dimensional spaces which have complepss
because most of them are axis-aligned. Third, modulatiegot
rameters of the classification widgets to maximize the iliiced of
feature separation is not trivial, even when all featureshzeen
identified.

This paper presents a novel volume exploration scheme based

on the argument that Gaussian transfer functions are wigdsu
for classification with a unique combination of multiple aatal-
ues that localize features in the transfer function domadj. [Our
new scheme takes an analyze-and-manipulate routine, wphiere
to manipulation, it performs a maximum likelihood featuepa-
ration of the statistical space to construct a continuouspnba-
bilistic representation with a Gaussian Mixture Model (G)MNhe
GMM provides an automatic and suggestive volume clasdificat
by converting its mixture components to a set of ellipsoidui§&a
sian transfer functions (ETFs). This also leads to a noeeistfer
function design tool in the context of the Gaussian trankfec-
tion scheme [10]. Manipulating the shape, size, orientatas-
sociated color and opacity of the ETFs allows for flexibleuwoé
exploration while preserving the characteristics of thdartying

volume space. Furthermore, the GMM and associated ETFs can

be iteratively altered by the user to maintain the propgiefea-
ture separation and ease the volume exploration. Figureussh
two-step exploration procedure.

Unlike previous methods [15, 21] which simply display, nmerg
or split the clusters, we provide a suite of intuitive usedgéts to
ease the interactions thanks to the flexibility of the Gars$iinc-
tions. For each Gaussian, the user is capable of perforrmangla-
tion, rotation, scaling and division operations. Simiatraditional
transfer function widgets, the user can freely manipulateeswid-
gets to locate interesting features. For instance, rafdtia Gaus-
sian widgets helps the user find interesting features iemifft di-
rections, while scaling can expand and shrink the regionhkimvi
the feature space. To find small-scale features in large-&aus-
sians, our interface allows the user to subdivide it intolnanes.
Possible operations include direct subdivision of exgstines and
insertion of new mixture components into the existing migtby
using the greedy Expectation-Maximization algorithm. ndsar-
bitrary directional Gaussian transfer functions faciétathe repre-
sentation of features within a complex shape, and can begratt
into the pre-integration volume rendering process basetti®an-
alytic integral formation [10].

The rest of this paper is organized as follows. The related
work is summarized in Section 2. The maximized likelihood
volume classification is described in Section 3, followed by
Section 4 that introduces an interactive classificatioarfate. We



Figure 1: Modeling the (density, density gradient magnitude) 2D histogram with the GMM for the Feet dataset. (a) The automatically generated Gaussian transfer
functions, the corresponding volume rendering, and volume renderings associated with each mixture component. (b) The result obtained by scaling the red and plum
Gaussian transfer functions and adjusting their maximum opacities, in which the relationship between the toes and ankles is clearly shown.

present the implementation details in Section 5, and detraies
the results in Section 6. Finally, we conclude the paper tiiGe 7.

2 RELATED WORK

M ulti-Dimensional Transfer Functions A complete review of ex-
isting transfer function design is beyond the scope of thigla.
We refer the reader to Pfister et al. [14]. We restrict our wisc
sion to the design of multi-dimensional transfer functighs]. In
spite of its excellent performance in materials classifcatmulti-
dimensional transfer functions have not received widespegten-
tion until the important work by Kindlmann and Durkin [7]. &in
research showed that determining multi-dimensional fearfanc-
tions in a 2D histogram of data values and gradient magrstada
effectively capture boundaries between materials. Tdifais the
multi-dimensional transfer function specification, Knitsal. [9]
introduced a set of manipulable widgets. Local [8, 16] arabgl
information [3, 4] can been incorporated into the multi-dimsional
transfer function domains. However, determining appriprirans-
fer functions with traditional classification widgets isr@akand-
error process, particularly because conventional trarfsfection

widgets lack the necessary information needed to guide ke u

towards a correct feature separation.

Intuitive Transfer Functions Design There has been a great
deal of excellent work done to simplify the creation of multi

dimensional transfer functions. Tzeng and Ma [21] used §@-1
DATA algorithm to perform clustering in the multi-dimensial his-
tograms. Roettger et al. [15] proposed spatial transfectfons
that consider spatial information in the process of cluste2D
histograms. To effectively structure the feature spacéeand
Guzelis [17] use a self-generating hierarchial radiaidasction
network to analyze the volume histogram stacks and Macgjiest
al. [12] applied a non-parametric density estimation tégpie To
make transfer function design as easy as painting, Tzerd2d]a
introduced a painting interface that derives high-dimemnai trans-
fer functions by using machine learning techniques. In plaiger,

histogram space with the Gaussian mixture model, maximittie
likelihood of feature separation. Instant visual feedbaghossible
by mapping these Gaussians to ellipsoid Gaussian transher f
tions (ETFs) and analytically integrating these ETFs indbietext

of the pre-integrated volume rendering process.

Gaussian Mixture Model The Gaussian Mixture Model
(GMM) [1] is well-suited to the modeling of clusters of pasnt
In this model each cluster is assigned a Gaussian, with iemme
somewhere in the middle of the cluster, and with a standard
deviation that measures the spread of that cluster. It has be
widely used in pattern recognition [19]. GMM has also beeedus
in the visualization community. For instance, Correa efAlused

it to model uncertainty distributions.

By removing the normalized term from the GMM, the mix-
ture components become a sum of the Gaussians. This isyexactl
the Gaussian transfer functions used in multi-dimensitnaaisfer
function design [10, 18]. Note that, most of these methodizeit
axis-aligned ellipsoidal Gaussian transfer functions. comtrast,
in our approach the mixture components of the GMM are repre-
sented as a sum of arbitrary directional Gaussian transfietibns,
which have been proven to be very efficient in representingatex
shapes [6].

3 EXPLORING THE FEATURE SPACE WITH THE GMM

GMM is an unsupervised process that yields a continuous aid p
abilistic feature representation, and can be used to é&xdcherent
regions in the feature space and corresponding coherewtistes

in the input data space [1]. We choose to use the GMM to ex-
plore the 2D histogram space for two reasons. First, thenpebers

of the GMM are determined by means of the maximum likelihood
principle and the Expectation-Maximization algorithmfeetively
characterizing the feature space. With that, the conveati@D
transfer function editing can be more convincing and realken
Second, the user can flexibly manipulate them to explore awkn
features by mapping mixture components to the Gaussiasfénan

we introduce a new volume exploration scheme by analyzieg th functions. Due to the integration of a Gaussian functiomgy@ina-



lytic, Gaussian transfer functions can be effectively imtegrated,
and evaluated on commaodity graphics hardware.

3.1 Maximized Likelihood Feature Separation

With a 2D histogram space (e.qg., the density vs the gradiagnin
tude), the semi-parametric Gaussian mixture model can éx tas
estimate the distribution based on the assumption thaishagnam
distribution is generated by a mixture of Gaussian fungtidBach
homogenous region in the feature space is represented bys Ga
sian distribution:

1 et e

g(X|[J,Z) =

where i is the mean value anH is a 2x 2 covariance matrix in
the 2-D space. The distribution of all regions is represige a
Gaussian mixture model:

k
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=

whereaj is the mixing probability of thgth Gaussian where
k
> aj=1 andfor j€ {1 k}:a;>0
=1

6 denotes the parameter set of the GMM wktbomponents:
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Because the set of mixtures of Gaussian functions is paremet
the density estimation problem can be defined more spetyfizal
a problem of finding the set of parametérthat specifies the model
to which the points in the feature space most likely belongefsa
set of feature vectors, - - - , X, the maximum likelihood estimation
of B is:
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The Expectation-Maximization (EM) algorithm [5] provides
iterative means to determir@ Given an initial estimated parame-
ter set6, the EM algorithm iterates over the following steps until it
converges to a local maximum of the likelihood function:
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The E step finds the expected value of the log-likelihood
S 1 logp(x|0) and the M step finds new parameters to maximize
the expectation computed in the E step. With a few iterafithis
algorithm converges to a locally optimal solution. Howewie
convergence to a globally optimal solution is not guarashtaed
the number of iterations depends on the initial assigneairpeters.

As for some complicated data, this dependency requiressbe u
to spend a great deal of time to find properly initialized paeters.
For most practical data, the optimal number of mixture congmts

kis unknown, this requires that the user try many differembbers.
This poses a difficulty for interactive volume classificatio

To overcome these drawbacks, the greedy EM algorithm [22]
builds the model in an adaptive manner. After starting wisingle
component whose parameters are trivially computed, twissiee
alternatively performed: adding a new component to the uméxt
and updating the complete mixture using the above menti@ed
step and M step until certain criterions are met. With thisegly
algorithm, the initial parametedo not need to be assigned by the
user, and the number of mixture components becomes manageab
If the results are not satisfying, the user can insert newpoorants
to update the GMM. Fig. 2 shows the volume classificationltesu
of the Engine dataset using this greedy algorithm. In Fig)24
new component is inserted to the clustering result showrignZ
(), classifying the main body and wheels parts.

(@)

(b)

Figure 2: Using the greedy EM algorithm to classify the Engine data with
different number of mixture components: (a) 3; (b) 4. In (b), the main body and
wheel parts are classified.

After finding an appropriaté, each pixel in the feature space
is associated with a probability vectpr= (ps,---,px) such that
pi = g(x|6). With these vectors, the discrete 2D histogram space
becomes a continuous space. Different from the non-paramet
kernel density estimation [12], the GMM is a semi-parancaden-
sity estimation technique, where an analytical Gaussiaction
is used to represent each cluster. This property greatlyrsathe
clustering results with a set of transformations as desdrlihter.

3.2 Ellipsoid Gaussian Transfer Functions

One important advantage of the GMM based separation ovei pre
ous work [15, 21] is that the obtained mixture componentshEn
converted to ellipsoidal Gaussian transfer functions (ETF

P(X) = Grmaye™ 30K TEH0x-p)

)

whereamay is the maximum opacity of the ETF and the symmetric
covariance matrix provided by EM algorithm is defined as:

e[



Figure 3: Visualizing the Carp dataset (256x 256x 512) with 3 ETFs by (a) analytic integration at the object sample distance 0.6; (b) numerical integration at the
object sample distance 0.3; (c) numerical integration at the object sample distance 0.6. Their performances are 23fps, 13fps, 38fps, respectively.

whereb can be non-zero. Compared to the axis-aligned GTF used whereer f (z) = JZe eZdx andP = amax\/?e 2 \When A is less

in [10, 18] wherex~1 is a diagonal matrix, our ETF is more gen-
eral and affords more flexible feature separation. Sinceritieng
probability of each Gaussian represent its maximal coutidn to
density distribution, we can use it to set init@hax for each ETF.
Automatic Color Assignment According to the principles of color
design [23], the luminance is important for perception aing-
parency and the hue plays a major role for visual labelingusTh
we propose a perception-enhanced coloring scheme, which au
matically assigns an HSL-based color to fie ETF:

j x 360 j+m
— 9
k 7’ k-+m ©
wheremis an integer between 0 akdo avoid dummy luminance.

hj = si=10, lj=

3.3 Pre-integrated Volume Rendering with the ETFs

Kniss et al. [10] and Song et al. [18] have derived analytitr®
to pre-integrate axis-aligned Gaussian transfer funstiolm this
section, we demonstrate that an arbitrarily directionaFE@n also
be incorporated with the pre-integrated volume rendering.

According to the volume rendering equation [13], the opacit
can be expressed as:

1—exp(— / ))dA) = 1—exp(— / Zp,
1 S ? A))dA
w03 /O pi(x(A))

whereD is the distance between the entry and existing sampling
points f andb. By assuming that the feature vectombetween

X¢ andxy vary linearly, the integration term‘[c'):’ Pj(X(A))dA in
Equation 10 becomes:

o

_/A amaxje 2<Xf Hj+A b f>TZ (Xf—Hj+A
0

a

(10)

R| (11)

Xp— Xf

JdA

Suppose the feature vectoconsists of a density component and a

gradient magnitude component, we have {s,g}, yj = {sj,gj},
Xt = (S1,01), andxp = (Sp, Op). We defineks = 25> kg = L%,
ds = sf —sj, dg = gf —gj, yielding:

Ri—— (;D auaye 3 (KA +09)22D(keA +k) A+ +c(lgh-+)2) g5
Let A= /akZ+2bkskg+ 0, B=(akss-+b(ksty#-+kgds) +Ckgdg) /A

C=(ad?+2bdsdg+cd2)-B2, R can be written as:

R = */(;Damaxe*%(W*Bm)dA
= a5 5 @ tP22E) et D)
_ b AD+B _ E
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than or equal to zerdg; can be evaluated with Equation 7. The
final opacity isa = 1—exp(3|_; Rj).

Previous work [10, 18] approximates thef function with a 2D
texture, and thus is a means of numerical integration. &asteve
analytically evaluate the form by leveraging the newest Glead-
ing to high quality pre-integrated volume rendering. FigiaX)
compares our result with that of numerically integrateddezing
at the same sampling rate. Fig. 3 (b) shows the result fromuhe
merical integration scheme when performed at a doubled lgagnp
rate. Although comparable visual effects are achieved @ Bi
(a,b) , our approach is much faster than the numerical iategr
approach.

4 OUR EXPLORATION WIDGETS

With an input dataset and its associated histogram, ouroappr
employs EM clustering to automatically compute a set of ssgg
tive ETFs at the beginning. The choice of appropriate nunalber
components in clustering can be achieved in a greedy mamsner a
mentioned in section 3.1, rather than determining them énfitist
place [21, 12]. This could be very helpful for inexperiencesgrs.
Surely, if the user has adequate knowledge about the datalsae
allow the user to define new ETFs to explore the data withalig-ut
ing the GMM clustering. This is the major difference betweemn
volume exploration and previous work [15, 21], where ther'sse
operations are limited in the clustered space. If the inEaFs
defined by the user or provided by the EM clustering are net sat
isfying, the user has to change the ETFs by using somethirey ot
than a recoloring operation. As shown in Fig. 1 (a), the festale-
termined by the red ETF are very large, but by solely adjgsitis
Omax, it is difficult to show other clear structures. Accordinglye
designed a suite of exploration widgets to allow the userdely
manipulate the ETFs. Fig. 4 illustrates the pipeline of qapraach.

4.1 Ellipsoid Classification Widgets

Unlike the inverse triangular or rectangular widgets useprevi-
ous work [10, 18], the manipulation primitives in our appbare
arbitrarily directional ellipsoidal ETFs, and the opeoat can be
represented as a variety of transformations to the covagiaratrix
>. The center of the ellipse is the mean valueand other parame-
ters can be computed by applying the singular value decaitigros
algorithmto the matrixz—1:

2= 2] @)
cog @) fsin(qo)} [0'0 0 ] {cps(w) —sin(y)
sin(g) coq @) 0 o1 ]| sin(y) cogy)

Whereﬁ and771 are the ellipse radii along the major and minor

axes, @ is the angle between theaxis and the major axis of the
ellipse, andp is the angle between the minor-axis and tkexis.

For a symmetry X 2 matrix,  is equal togp. The following
affine transformations can be applied:
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Figure 4: The pipeline of our approach.

e Trandation- shifting the mearu. The user can move the widget
in the histogram space to explore interesting features.
e Rotation- rotating the covariance matrix. This adds an angle
B to theg andy and substitutes in a negwandy in Equation 13,
leading to a new covariance matax
e Scaling- scaling the radii of the principle axeg and oy, enlarg-
ing or shrinking the Gaussian along its tiled angle

Fig. 5 demonstrates four operations to the red ETF shown in
Fig. 1 (a): recoloring, translating, scaling and rotatiBy.interac-
tively specifying each mixture component, the correspogdéea-
ture regions can be observed, providing a context to moeldket
transfer functions. Although there are no guidance in theses-
formations, the better classification results can be easiyeved.
e Subdivision Often, some mixture components may include more
than one feature, as illustrated by the dark red ETF in Fig) 2To
find more interesting small-scale features in an ETF, twoatms
can be performed. First, the greedy EM algorithm can be eyeplo
again to yield more ETFs (see Fig. 2). This is done automatica
Meanwhile, the transformations done by the user cannot ¢m-in
porated into the subdivision. This is also a limitation o tturrent
EM algorithm. An alternative solution is to directly subidig an
ETF into two pieces along the major axis, yielding two hatlira

Figure 5: Manipulating the red ETF shown in Fig. 1 (a). (a) Recoloring. (b)
Translating the recolored ETF in (a) 0.21 along the x-axis and -0.15 along the
y-axis. (c) Scaling the recolored ETF in (a) 0.38 along both the major and minor
axes. (d) Rotating the recolored ETF in (a) 45 degrees counter-clockwise.

for gp and oy. Further, the user can use the scaling operations to Figure 6: Subdividing an ETF into two smaller ones. (a) An ETF and the

refine them when this subdivision obscures some interefiag
tures. Fig. 6 shows an example, where the joints of the fagt ca
be distinguished from other structures with the subdivisiddget.
Obviously, we cannot expect the subdivision always leaddtetter
classification for data features. If the classification ltsaare unsat-
isfactory, the user can easily backtrack to the original B &elete
the unwanted one and refine them toward better classification

5 |IMPLEMENTATION DETAILS

rendering result. (b) The recolored and subdivided two ETFs and associated
results, where the joints are differentiated from other structures.

algorithm and ray casting based pre-integrated volumeeramgl

We use the accelerated greedy EM algorithm [22] which haggoro

to be convergent for large data sets. It first partitions thia éhto
blocks withkd-tree to pre-compute the statistical variables used in
the optimization, and then uses the partitioned blocks tfopa

We have implemented and tested our system on a PC with a Core 2the optimization.

Duo E6320 1.8 GHZ CPU, 2.0 GB RAM and an NVIDA Geforce
8800 GTS video card (256 MB video memory) using Cg Language.
All images shown in this paper were generated at a resolation
1024x 768. The implementation includes two parts: the greedy EM

There are two fashions of using the greedy EM clustering-algo
rithm. The first one performs the EM clustering only once ia th
entire procedure, i.e., a maximum number of componentserre g
erated in the first stage. The components can be freely margkd
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Figure 7: Progressive exploration of the Teeth (256x 256x 161) dataset using the (density, density gradient magnitude) histogram. (a) The automatically generated
ETFs and rendering results. (b) Distracting regions are removed when the dark red ETF is deleted, yielding clearer visualization of the pulp and the dentin. (c) The
user moves, scales and rotates the blue ETF to discover the pulp. (d) The user scales and subdivides the dark red ETF, and scales the green ETF. All structures are

clearly shown.

Nr | One-round | Multi-round Numerical | Analytic
3 413ms 413ms 22 fps 19 fps
4 795ms 262ms 16 fps 12 fps
5 1301ms 273ms 14 fps 9 fps
6 2289ms 293ms 11 fps 7 fps

Table 1. The component number (the first column), the clustering perfor-
mance (the second and third columns) and the rendering performance (the
fourth and fifth columns) with numerical integration and analytic integration for
the Engine dataset (256 x 256x 128). The image resolution is 1024x 768

manipulated, but not added. We call it tbee-round clustering.
In contrast, the second fashion takeswti-round procedure, i.e.,

6 APPLICATIONS

The statistical properties contained in the 2D histogramhbmar-
bitrary and data-dependent. For conventional CT or MRI skztg
the density and density gradient magnitude are two commesey
features. By applying other derived properties like theadeorder
differential properties, or the multi-variables of the aisst itself,
the user is equipped with a exploration tool for free featxplo-
ration, transfer function design, data comparison, as agknowl-
edge assisted multivariate volume visualization.

6.1 Feature Space Exploration

Kindlmann and Durkin [7] noticed that materials’ boundaregp-
pear as arcs in the (density, density gradient magnitudagesp
The user can search for the boundaries by selecting peaks of t
arches [9]. Our approach explores the feature space froithemno

trary initial separation. The later is preferred in our systbecause

it achieves both higher performance and greater flexilign the
one-round scheme. The second and third columns of Table 1 com
pare the performance of these two fashions.

Evaluating the analytic form of the ETFs for pre-integratet
ume rendering on the GPU induces some computational ovérhea
as demonstrated by the comparison to conventional lookbie ta
enabled numerical integration (see the fourth and fifth roolsi of
Table 1). However, our analytic integration mode can yieklits
of comparable quality at a lower sampling rate in ray castiram
that produced by the numerical integration. Note that tinelee-
ing performance gradually decreases with the increasingoeu of
components which is listed in the first column of Table 1.

In our experiments, we found that a small number of mixture
components is sufficient for a good approximation to therithist
tion of the 2D feature space meanwhile offering a rich spdce o
exploration. As shown in Table 1, the generation of 5 mixtom-
ponents typically requires 1.3 seconds with an unoptimizéd)
implementation.

tic theories. One distinctive advantage of our approachatsd set
of suggestive ETFs is automatically generated, which sfiaplthe

user interaction, and reduces the user’s workload. Stélsugges-
tive ETFs can be iteratively updated, leading the user tordlaé
spatial relationship within the underlying dataset. THiieihcy of

this scheme has been demonstrated on a variety of datsktsing

anatomical and flow simulation datasets.

Fig. 1 shows an exploration process for the Feet dataseffirfhe
step, i.e., the automatic classification by means of the miaed
likelihood algorithm, produces four ETFs, of which the retla
plum ETFs dominate. The red one corresponds to the skin and
bone parts, and the plum determines parts of the skin anchitie a
part. Most of the voxels in the dataset belong to these twosETF
However, the skin by the red ETF hides the phalanges and ke, an
and parts of the skin by the plum ETF occludes the main ankis.pa
Scaling these two ETFs and adjusting their maximum opaaitie
clearly differentiate the phalange and ankle. Fig. 1 (bmshthe
adjusted results.

In the above examples, all of the important structures aa-id
tified with the automatically generated ETFs. For many other
datasets, however, most parts of the obtained clustersase n



Figure 8: Exploring the Horseshoe Vortex dataset using the (the second invariant of the velocity gradient, its gradient magnitude) feature space. The automatically
generated 3 ETFs (top left) produces a result (middle) that shows some noise in the the vortex region. By moving the plum ETF and scaling three ETFs (bottom left),

the two layered vortex tubes are clearly shown (right).

while only a small region corresponds to interesting stmect The
main reason is that the maximized likelihood algorithm asssia
probability distribution for the entire dataset, and itréfere can
not get rid of noisy structures generated by the ETFs. Onle exic
ample is the dark red ETF (see Fig. 7 (a)) that yields a largeuam
of noise and very little meaningful information. Transtatithis
ETF can improve the results, as shown in Fig. 7 (b). Furtimer, t
user may observe that the steel blue ETF contains some panes o
pulp, and some noise in the region of low gradients. By titirsj

it to the region of higher gradient magnitudes, scaling andting
it, the pulp is revealed (see Fig. 7 (c)). As a result of thekdad
ETF containing the dentin and some parts of the pulp, noffaie
structures are visible even after the maximum opacity ofdduek
red ETF is lowered. This problem can be addressed by scatithg a
subdividing the dark red ETF into two parts, as shown in Figl)7

Fig. 8 shows a two-stage exploration of the Horseshoe Vortex

dataset using the (the second invariant of the velocityigradits
gradient magnitude) feature space. Notice that some nioidesed

by the medium purple and plum ETFs (see the middle one in [ig. 8
After moving the plum ETF and scaling three ETFs, two layered
vortex tubes are clearly shown (see the right one in Fig. 8).

6.2 Knowledge Assisted Visualization

In addition to the feature space composed by density andtgens
gradient magnitude, other features can be employed. Qftanrs
who work on the multivariate time-varying data have spedifie
main knowledge regarding the properties and the distobuaf the
data. Expressing this distribution information with a seGMM-
enabled probabilistic representations in a selected featpace
would best characterize the feature separation, and coesty
facilitate a quick discovery of the particularly interesfifeatures.
Fig. 9 displays the 30th out of 100 time steps of a vorticitidfie
produced by an 128-cube simulation of a compressible artuditur
lent slip surface. Scientists assume that the vortex eixistse re-
gion of a large vorticity and a small pressure. The initifbefper-
formed by our Volume Exploration tool produces 4 mixture eom
ponents (top left) in the (vorticity, pressure) featurecgpand dis-
covers feature regions that contain too many vortices irstinface
(middle). By examining the characterized regions of each,Hie
user finds that the cyan and yellow ETFs are the main cause of th
ambiguity. Three operations are then performed, nametgpve

ing these two ETFs, rescaling and recoloring the other twe<ET
The new result (see the right one in Fig. 9) reveals the kinkind
tangling vortex tubes.

Note that, the feature space in this example does not coatain
like shapes. It may be quite challenging for approachesrtigt
on the specification of the arc-shapes. In contrast, ourcagpr
can yield plausible results by leveraging the separatipalgiity of
the continuous and probabilistic representation with tMMs An-
other advantage of the GMM is that it, by nature, takes a Gaiss
form, and shares the benefits of the Gaussian Transfer Buoscti

6.3 Discussion

Our volume exploration tool provides an easy-to-use espion
mechanism. However, automatically generating the maxchiz
likelihood separation may lead to distracting noise or terigsting
materials, as shown in Fig. 7. Meanwhile, the current greey
algorithm does not allow for incorporating adjusted resirto the
clustering process. A new EM algorithm is needed to betiéreit
the users’ prior knowledge in the optimization procedure.

Our current implementation only tests the maximized liedid
feature separation in the 2D feature spaces. It is straighdird to
apply our scheme to a higher-dimensional feature spacemniHire
challenge is that the performance will drop greatly withitrereas-
ing number of dimensions. In the future, we plan to develogP&G
implementation of an accelerated EM algorithm, and applyp it
higher-dimensional feature spaces like the ones intratlircf20].

7 CONCLUSION

The paper introduces a new volume exploration scheme wéh th
unique ability to capture the data characteristics, whileasford-
ing favorable user interactivity. This flexibility is espakty helpful
for inexperienced users because it can automatically gecaisug-
gestive volume classification by means of a greedy EM algarit
By allowing the user to interactively select pre-computégsters
in the feature space, he or she can have an initial pictureeofim-
derlying dataset. Next, each cluster can be manipulatddansuite
of interactive widgets, whose consequences still take Epseld
gaussian form, i.e., they can be analytically integratedleBerag-
ing the power of GPGPU, the ETF-enabled transfer functionbea
seamlessly incorporated with the conventional pre-iratigt vol-
ume rendering to generate high quality visualization tssul



Figure 9: Exploring the Turbulent dataset in the (vorticity, pressure) feature space. The result (middle) with the automatically generated 4 ETFs (top left) does not
clearly show the vortex tubes. By performing a sequence of operations, namely, removing the cyan and chartreuse ETFs, scaling the other two ETFs and recoloring
them, the kinking and tangling vortex tubes are clearly shown with a large contrast.
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